Premature convergence in particle swarm optimization (PSO) algorithm usually leads to gaining local optimum and preventing from surveying those regions of solution space which have optimal points in. In this paper, by applying special mechanisms, suitable regions were detected and then swarm was guided to them by dispersing part of particles on proper times. This process is called dynamic swarm dispersion in PSO (DSDPSO) algorithm. In order to specify the proper times and to rein the evolutionary process alternating between exploring and exploiting behaviors, we used a diversity measuring approach and implemented the dispersion mechanism. To promote the performance of DSDPSO algorithm, three different policies including particle relocation, velocity settings of dispersed particles and parameters setting were applied. We compared the promoted algorithm with similar new approaches and according to the numerical results, the proposed algorithm outperformed the basic GPSO, LPSO, DMS-PSO, CLPSO and APSO in most of the 12 standard benchmark problems with different properties taken in this study.
Introduction
The particle swarm optimization (PSO) invented by Eberhart and Kennedy (1995a,b) is applied to the concept of social interaction for problem solving (Soleymani et al., 2007) . Each particle, denoted by X i , represents a point in search space or a solution of the problem. The PSO algorithm iteratively modifies the point and the velocity of each particle as it searches for the optimal solution based on Equation 1.
V id = ω * V id + c 1 r 1 (p id − x id ) + c 2 r 2 (p gd − x id )
Where V i in the first equation is the velocity of the ith particle. The first part of Equation 1 (ω * V id ) is the inertia of the previous velocity in which ω is predefined by the user. The second part (c 1 r 1 (p id − x id )) represents the cognition of the particle arXiv:1807.00438v1 [cs.NE] 2 Jul 2018 which shows personal thinking of the particle and the third part (c 2 r 2 (p gd − x id )) is a social component. In this equation, c 1 and c 2 are acceleration constants. They represent weights of the stochastic acceleration terms which pull each particle toward the personal and global best positions. The constants r 1 and r 2 are the uniformly generated random numbers in interval (0, 1] . Although PSO is simple, it is a powerful search technique which has been reported to have a satisfactory performance according to many studies (Cheng and Shi, 2011) .
The convergence rate of particles in PSO is good through the fast information flowing among particles, so its diversity decreases rapidly in the successive iterations and leads to a suboptimal solution. In this case, it is said that an evolutionary process has been trapped in a local optimum or premature convergence of the process has been occured.
The standard PSO algorithm can easily get trapped in a local optimum while solving complex multimodal problems. Such deficiencies have restricted the wider applications of the PSO (Zhan et al., 2009; Liang et al., 2006; Li and Engelbrecht, 2007) . There are several reasons why such problem arises. One of the most important reasons is decreasing diversity of the population. A number of variants of PSO algorithm have been proposed to overcome the problem of diversity loss. One of the common methods to increase diversity is mutation. Mutation leads to the improvement of exploration abilities, which can be applied to different elements of a particle swarm. The effect of mutation depends on which elements of the swarm are mutated (Secrest and Lamont, 2003) . Velocity vector mutation is equivalent to particles position vector mutation provided that the same mutation operator is considered. Secrest and Lamont (2003) proposed a negative feedback mechanism into particle swarm optimization and developed an adaptive PSO as well. This mechanism takes advantage of the swarm-diversity to control the tuning of the inertia weight (PSO-DCIW), which in turn can adjust the swarm-diversity adaptively and make a contribution to a successful global search. There are other methods including Gaussian Mutation (Wei et al., 2002; Higashi and Iba, 2003; Secrest and Lamont, 2003; Sriyanyong, 2008; Krohling, 2005) , Cauchy (Krohling, 2005; Stacey et al., 2003) , and Chaos Mutation (Dong et al., 2008; Yang et al., 2009; Yue-Lin et al., 2008) which measure diversity and apply mutation in particles positions to improve the performance of the algorithm.
There are other ways to introduce diversity and to control its degree. Zhan et al. (2009) proposed an algorithm named APSO to do so. In this method, they utilized automatic control of algorithmic parameters. A learning strategy whereby all other particles' historical best information was used to update a particle's velocity was suggested by Liang et al. (2006) and called CLPSO . Riget and Vesterstrorm (2002) proposed an algorithm named ARPSO in which if diversity was above the predefined threshold d high , particles attracted each other; and if it was below d low , particles repeled each other until they met the required high diversity d high . Repulsion to keep particles away from the optimum was first proposed by Parsopoulos and Vrahatis (2004) . Lovbjerg and Krink (2002) made dispersion among those particles which were too close to each other; and Blackwell and Bentley (2002) reduced the attraction of the swarm centers in order to prevent the particles from tight clustering in one region of the search space and to escape from local optimum. A dynamic multi-swarm particle swarm optimizer (DMS-PSO) was proposed by Liang and Suganthan (2005) . In this method, the whole population was divided into many small swarms. These swarms were frequently regrouped by using various regrouping schedules and information was exchanged among the swarms.
The diversity level of the swarm during the evolutionary process was measured by Mohamad . In their study, once the diversity of the population drops down to the predefined threshold d, the system of generating diversified artificial particles (DAP system) is activated and starts to replace some of the particles of swarm which have relatively bad fitness by generated artificial particles (DAP particles) which have high diversity and fairly good fitness. Bahrampour and Mohamad Nezami (2013) and Mohamad investigated more profoundly and promoted this basic idea by three definitions and concepts including idle particles, relocation or dispersion terms and precise search in new regions of the search space by artificial particles. They proposed a mechanism to guide the swarm based on diversity by using a diversifying process in order to detect suitable positions of the search space (points with fairly good fitness and good distance from current distribution of the swarm particles) to disperse or relocate some of the existing idle particles (those particles that there has been no change in their personal best positions for long time) in the hope of increasing diversity level of the swarm and escaping from local optimum by detecting better area of the search space. The algorithm proposed by Mohamad was improved by defining new velocity equation for artificial particles which was used in a limited duration after each replacement to search more carefully and precisely in new regions of the search space (Mohamad . In this paper, all the previous works are engaged and a comprehensive study is conducted on the behavior of PSO algorithm with the aforementioned ideas. In addition, we prove the policies and parameters used for designing dynamic swarm dispersion particle swarm optimization (DSDPSO) algorithm.
The article is organized as follows. In section 2, diversity and measuring are defined. The DSDPSO algorithm is described in section 3. Experimental results are discussed in section 4. Finally, conclusions are mentioned in section 5.
Diversity Definition and Measuring
Population diversity is a way to monitor the degree of convergence or divergence in PSO search process (Cheng and Shi, 2011) . There are several measures to detect diversity level of the population. Shi and Eberhart (2008; and Zhan et al. (2010) gave three definitions for PSO population diversity measurements including position diversity, velocity diversity, and cognitive diversity. Cheng and Shi (2011) gave new definition for population diversity measurement, called L1 norm, based on both element-wise and dimension-wise diversities. They showed that useful information on search process of an optimization algorithm could be obtained by using dimensionwise definition in L1 norm variant. Therefore, we apply L1 norm of position diversity measurement in this paper. Let m be the number of particles and n the number of dimensions. Dimension-wise definition in L1 norm is defined as follows (Equation 2).
Where vector − x is mean of particle position on each dimension, D p is particle position diversity vector based on L1 norm, and D p is the whole population diversity value. Chang et al. (2010) introduced other approaches to measure population diversity in evolutionary computation including Hamming distance, Euclidean distance, information Entropy, and so on. In this paper, we apply Euclidean distance in particles selection process to disperse them in dispersion mechanism. The Euclidean distance, defined as Equation 3, measures the distance between two particles X and Y .
Dynamic Swarm Dispersion Particle Swarm Optimization
The problem of premature convergence in particle swarm optimization (PSO) algorithm often causes that the search process gets trapped in a local optimum. This problem usually occurs when the diversity of the swarm decreases and the swarm cannot escape from a local optimum. In this article, we periodically disperse some of the swarm's particles to new suitable positions with fairly good fitness in the search space and with relatively far distance from convergence point. These new points in the search space are recognized based on the history of the search process in order to enhance the diversity of the swarm and to promote the exploration ability of the algorithm. In other words, the search process should periodically select some of the converged particles in current swarm and relocate them to new different points of the search space in order to probe new regions of the search space. Both selection process and the process of detecting new target positions of the relocated particles act based on the history of the search process up to dispersion time. In this approach, we do not change the previous personal best positions of dispersed particles in dispersion stage in order to use the result of the efforts made by relocated particles previously. Therefore, this is a relocation of the selected particles to new suitable positions rather than the replacement of them with new generated ones. Consequently, the diversity level of the swarm will be increased up to a certain degree. The evolutionary process will consistently reduce the diversity level again, and the dispersion process should be repeated periodically. In PSO algorithm, the speed of convergence is very high, so the swarm dispersion process should be repeated frequently. On the other hand, repetition of this process is relatively time-consuming and exploitation ability of the algorithm will be decreased by high frequency of swarm dispersion, too. Therefore, we introduce a new parameter T to define the period of the dispersion system call in new search process. Another new parameter in DSDPSO algorithm which defines the amount of the swarm and should be relocated in each dispersion call is dispersion rate R.
The architecture of a DSDPSO is illustrated in Figure 1 . In DSDPSO, we partially disperse swarm to prevent from premature convergence and to extend those search spaces which are probably unexplored in the simple PSO algorithm. In Figure 1 , there are two different phases in process of dynamic swarm dispersion in particle swarm optimization algorithm. The first phase, which has been illustrated on the left side of Figure 1 , is a simple PSO plus one last step for updating an external archive to be used in dispersion mechanism. In DSDPSO, we normally execute phase one in every iteration. In the second phase, shown on the right side of Figure 1 , the selected particles of the swarm are dispersed to the new positions in search space in each T period. This phase will enhance the swarm diversity by relocating R% of the swarm in search space in order to escape from local optimum. Figure 2 shows the process of dynamic swarm dispersion particle swarm optimization(DSDPSO) algorithm. The steps of this process are identical to the steps of the standard PSO except for steps 5 and 6. In order to detect target positions of the selected particles for dispersion, we apply the information collected from previous generations of the PSO process using the previous global best particles to determine good points in the search space. To do so, we develop an external archive to store the global best particles of previous generations as good positions in the search space which have been visited in the hope of finding better points in the regions in which these stored particles are located. In step 4, we update the external archive if necessary; since there is no necessity for the external archive to be updated in every iteration (the process updates external archive only when notable improvement occurs in the fitness of the global best particle).
When dispersion system is called in step 5, last dispersion has taken place T generations ago. At this time, dispersion process selects R% of the swarm's particles, determines the same number of target positions, and relocates them to new positions. Dispersion process will increase the swarm diversity by relocating selected particles to new potent positions. The process of determining new target positions and selecting policy of swarm's particles for relocation will be described in the following sections. The final step of dispersion process is to reset the velocity of dispersed particles to zero because we need each dispersed particle for a very careful search in order to find better solutions in the vicinity of new location. In this paper, we found out that the previous nonzero velocities of dispersed particles are probably the cause of rapid skipping from new region and subsequently having some areas remain unsearched in the search space. This idea will be verified in section 3.2.2.
In step 6, we use two different velocity equations, Equation 1 and Equation ?? to update velocity of the swarm particles. The following velocity equation is used only for those dispersed particles generated in the latest dispersion process call. Since we want to search new regions more carefully by relocated particles, we use the minimum inertia weight. Moreover, since relocated particles are located in the regions with probably far distance from the converged particles, it is likely to have a big component of velocity to the global best particle in velocity equation. Thus, we use a random coefficient in interval (0, 1) in new velocity equation in order to relocate the particles slowly attracted to the converged swarm. This idea is verified in section 3.2.3.
Figure 2: Steps of DSDPSO algorithm
To illustrate the impact of dispersion mechanism on diversity level of the swarm in DSDPSO, we use a 2-D Rastringin function (f 7 in Table 1 ) with the swarm of 30 particles and the dispersion rate of 45%. The swarm distribution in different running phases of this experiment are shown in Figure 3 . The stochastic initialization of particles in the first iteration is illustrated in Figure 3(a) . Then, the learning mechanism of the algorithm pulls particles toward the optimal region in the 30th iteration, as illustrated in Figure 3(b) . In the 30th iteration, DSDPSO algorithm relocates some particles of the current swarm to increase the swarm diversity based on dispersion mechanism as shown in Figure 3(c) . In this stage, the new swarm is named dispersed swarm. It is noteworhty that in dispersion mechanism despite the increasing diversity of the swarm, the fitness level of new positions is not worse than the particles fitness before relocating. So, in DSDPSO algorithm, target positions can be generated with greater diversity and better fitness as well. Finally, Figure 4 represents the diversity curves of standard global PSO and DS-DPSO. It shows how diversity level of the swarm changes in GPSO and DSDPSO in 100 iterations. 
Target Positions of Selected Particles
In this section, we describe a mechanism for determining target positions of the selected particles to disperse over the search space. In this paper, we have established an external archive with 100 particles and initialized it with random particles. Firstly, we gather those particles having the best fitness in the first 100 generations of the PSO process and use them to replace the particles in the external archive having bad fitness. Then, we should establish a replacement policy in order to gather effective particles in external archive. These particles should have both good fitness and considerable distance from the center of current distribution of the external archive particles to avoid the convergence of external archive. In this study, after the first 100 generations, replacement is applied only when the fitness of global best particle changes remarkably. In that case, one of the particles with low diversity will be removed by the new global best particle of the current swarm. To detect particles with low diversity and remove them from external archive, we use Euclidean distance described in section 2 and measure distance of each particle from the mean of the external archive particles. Figure 5 illustrates the mechanism of determining target positions . To determine the new good positions for relocating converged particles of the swarm from information of the external archive, two new particles of x max and x min (vector of maximum or minimum value in each dimension) are added to external archive for mutation purpose. Then, a Roulette wheel is created to weigh each particle of the external archive based on its fitness and distance from the center of the swarm. In order to detect new target position in the search space, we should determine the value of each dimension of target position. Therefore, for each dimension value, one Roulette wheel selection can select a particle of the external archive, and the value stored in the same dimension of the selected particle will be used to generate the same dimension value of new target position. After selecting the value of each dimension, we probably have a new suitable position for dispersion process. However, we do not use this point as good position for dispersion this time. We collect all the generated points (100 points in this study) in one matting pool and add the external archive particles as good points in the search space to the pool, too. Then, operators such as genetic crossover and mutation are applied to produce new points with probably good fitness and good diversity. Afterwards, a numbers of best points (45% of the swarm in this research) are selected based on their fitness and distance from the center of the current swarm distribution and returned to dispersion process to relocate randomly the same numbers of selected particles of the swarm to these new positions. This process will remarkably increase diversity of the swarm and help to escape from local optimum trap. Figure 6 illustrates this process. 
Performing Policies
As mentioned in the previous section, to promote performance of the DSDPSO algorithm, we have to properly perform several policies. In this section, we study three policies including Relocation policy, initial velocity of dispersed particles, and velocity equation of dispersed particles. These policies will be elaborated in the following three subsections. In the first subsection, we explain about different methods for selecting particles of current population for relocation and then compare them together. In the second subsection, initial velocity of dispersed particles will be explained. Finally, in the last subsection, we test different policies to control behavior of the dispersed particles and prove their abilities. In order to comparison of different approaches in each policy, we have used a collection of 10 standard benchmark problems. Mathematical models of the problems along with the true optimal value are given in Table 1 (f 1 − f 10 ). All the experiences mentioned in these subsections have been achieved under the same conditions. Because of comparing the approaches in high stability, ten standard problems with different properties were chosen to test the approaches, and average of 20 runs was applied for each one. The same initial population is used for all algorithms. The population size is specified 20, and there are 30(dimensions) for all the test problems. A linearly decreasing inertia weight starting at 0.9 and ending at 0.4 is used with the user defined parameters c 1 = 2.0 and c 2 = 2.0. For each algorithm, the maximum number of iterations is set to 3000. In all of the evaluations, a new parameter T is set to 30, the external archive of size 100, and dispersion rate R of 45% are specified. cos(
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Particles Relocation Policy
Selecting particles and relocating them to new positions, which was completely explained in section 3.1, is performed by three approaches. In the first approach, particles with low fitness are selected for dispersion. Since probability of particles with low fitness is too low to find the optimal points of the search space, this approach is applied. It is supposed that regions around these particles are not probably suitable enough to find global optimum. In the next approach, idle particles will be relocated to new points in the search space. Idle particle is a particle that there is no change in its personal best position for long period of time; therefore, this particle could not probably find better locations.
Each of these two approaches might have some shortcomings; in the first approach, we disperse particles with low fitness, even though these particles may find better locations in subsequent generations and their fitness would be improved alternatively. In the second approach, the particles are sometimes relocated because of there is no change in their local best positions for a while, regardless to the fact that they may have high fitness. To avoid such problems, we introduce the third approach. This approach is a combination of the two previous ones. In the hybrid approach, particles with relatively low fitness and with no change in their local best positions for a long term are dispersed. Results of these approaches are indicated in Table 2 . According to the results, the hybrid approach leads to the best policy for dispersion. 8.67e − 3 9.02e − 4 5.04e − 4 f 7 6.31e − 3 3.95e − 3 8.62e − 4 f 8 1.23e + 1 4.36e + 0 3.70e + 0 f 9 1.39e + 1 7.14e + 0 9.25e + 0 f 10 1.42e + 0 1.19e + 0 1.08e + 0
Velocity Settings of Dispersed Particles
When particles are dispersed to new positions in the search space, some of their features such as previous velocities (initial velocity after relocation), the local best positions and inertia weight are unknown. For previous velocity of a dispersed particle, we have three options including final velocity of the particle just before relocation, a random velocity, and a zero velocity. However, it is not reasonable to use previous velocity of the particle, final velocity just before relocation, in computing new velocity of the particle in new position. Random velocity causes the dispersed particles to scat from the detected new region of the search apace as the new positions are intentionally selected based on the probability of finding optimal point near new target positions. In order to avoid the latter problem and search carefully in new region, we test zero initial velocity in dispersed particles after dispersion. These three approaches are evaluated by the mentioned test functions and results are illustrated in Table 3 . In this experiment, the particles with low tness are selected for dispersion. According to the results, setting the initial velocities to zero in dispersion stage is the best approach. 
Behavior of Dispersed Particles
As mentioned in Section 3, since we want to search more carefully new regions of the search space by relocated particles, the dispersed particles should slowly move toward the global and local best particles. Therefore, big components of the velocity equation (Equation 1) violate this aim, so we use the minimum inertia weight for dispersed particles for a period T after dispersion. Moreover, since the relocated particles are located in the regions with probably far distance from the converged particles, it is likely to have a big component of velocity to the global and local best particles in velocity equation. Thus, we use a random coefficient in interval (0, 1) in new velocity equation (Equation 4 ) in order to relocate particles slowly attracted to the converged swarm. Equation 4 is applied to update velocities of the dispersed particles for T iterations after dispersion stage. Table 4 shows that the new equation (Equation 4) outperforms the standard velocity equation (Equation 1) and low value of inertia weight in finding optimal particles. In this experiment, particles with low fitness are selected for dispersion, and the dispersed particles restart search process by initial zero velocity. 1.34e + 01 4.19e + 00 1.51e + 00 f 10 1.57e + 00 1.06e + 00 3.29e − 01
Parameter Setting
In order to test the effectiveness of the dispersion mechanism, a set of experimental tests were conducted to setup parameters, introduced in section 3.1, including period T , dispersion rate R, and the size of the external archive. All the experiences in this subsection have been achieved under the same conditions. To setup parameters in high stability, average of 20 runs was applied for each one. Ten standard problems with different properties were used to test the parameter values. First, the experiment was designed to setup parameter T . In these experiments, values of T in terms of generation were set to 10, 30, 50, and 70. The final results of these experiments are shown in Table 5 . As we expected the lower value of T led to search better fitness in the search space. Secondly, the dispersion rate R was experimented by four different values of 15, 30, 45, and 60 percentage of the swarm. Table 6 shows the results of these experiments, the best result reached by dispersion of 45% of swarm. Table 7 illustrates the results of the experiment by different external archive size. Under the condition of these experiments, the external archive with 100 particles is the best setting for this parameter. 5.00e − 02 1.17e + 00 6.95e + 00 1.38e + 01 f 10 7.56e − 02 5.04e − 01 6.10e − 01 1.06e + 00 2.64e + 01 1.98e + 01 2.12e + 01 2.22e + 01 f 6
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Experimental Setting and Numerical Results
In order to compare some variants of PSO and DSDPSO algorithms, we have used a collection of 12 standard benchmark problems. Mathematical models of the problems along with the true optimal value are given in TABLE 2. In this problem set, we have unimodal functions such as f 1 , f 2, f 3 and f 4. f 4 is a noisy quadric function where a uniformly distributed random variable is in the interval [0 , 1). The others are unrotated and rotated multimodal functions (Yao et al., 1999) . The entire set of test problems taken for this study is scalable. In other words, the problems can be tested for any number of variables. However, in the present study, we have tested the problems for dimensions 30 and 50. In order to make a fair comparison between the proposed DSDPSO and other variants of PSO algorithm, we implement standard PSO algorithm in both global star structure and local ring structure named GPSO and LPSO respectively. In addition, we implement APSO, CLPSO and DMS-PSO algorithms proposed in Liang and Suganthan (2005) ; Liang et al. (2006) ; Zhan et al. (2009) and compare them with DSDPSO. The same initial population is used for all algorithms. The population size is specified 20 and 50 when there are 30 and 50 variables (dimensions) respectively for all the test problems. A linearly decreasing inertia weight starting at 0.9 and ending at 0.4 is used with the user defined parameters c 1 = 2.0 and c 2 = 2.0. For each algorithm, the maximum number of iterations is set to 3000 in the case of having 30 dimensions, and 10000 for dimension 50. For DSDPSO algorithm, a new parameter T is set to 30 and 50 in case of having 30 and 50 dimensions respectively. The external archive of size 100 and dispersion rate R of 45% are specified. In DMS-PSO, a group size of 3 and regroup period of 5 are applied. A total of 20 runs are conducted for each experimental setting. The results are given in Table 8 and Table 9 in terms of mean best fitness, standard deviation, and P-Value. Figure 7 -11 show performance curves of the DSDPSO in comparison with other variants of PSO for test functions f 1 , f 5 , f 8 , f 11 , and f 12 by mean fitness of the best particles history found by the swarm in all runs. The numerical results show that the proposed algorithm outperforms other variants of PSO in most of the test cases taken in this study. 
Conclusion
Evolutionary algorithms (EAs) are the best solutions for solving optimization problems. Although having different abilities to investigate the search space and attain optimal solution, they all behave similarly. One of the ideas to control the behavior of these algorithms is a rein between exploration and exploitation. In such case, we need a good mechanism to enhance the diversity of population in different stages to achieve the unsearched spaces. In order to enhance diversity and survey unsearched spaces, we used a historical approach to search and implemented that on the PSO algorithm. We proposed a mechanism to guide the swarm based on diversity by using a dispersion process in order to detect suitable positions in the search space. This model uses a dispersion mechanism to control the evolutionary process alternating between exploring and exploiting behavior and guide the algorithm, called DSDPSO algorithm, to survey the unsearched spaces. The numerical results showed that the proposed algorithm outperformed the basic GPSO, LPSO, DMS-PSO, CLPSO and APSO in most of the test cases with different properties taken in this study. It is of no doubt that this model can be used on other EAs with a little modification. Mean 4.4746e + 01 9.0639e + 01 3.1839e + 01 6.6216e + 02 8.3281e + 01 2.8854e + 00 Std. Dev 1.2894e + 01 2.4041e + 01 8.0443e + 00 8.8309e + 01 3.1386e + 01 5.8632e + 00 P-value 3.0212e − 12 6.9217e − 13 2.8972e − 13 2.2654e − 18 3.1281e − 10 4.0315e − 02 Mean 2.8477e + 00 1.6635e + 00 1.2932e + 00 1.1269e + 01 4.7053e + 00 1.4856e − 01 Std. Dev 1.5365e + 00 1.0521e − 01 1.1422e − 01 3.4260e − 01 7.3243e − 01 2.5707e − 01 P-value 9.8635e − 08 1.7782e − 24 9. 
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